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The  state  of  energy  (SOE)  of  Li-ion  batteries  is  a  critical  index  for  energy  optimization  and  management. 
In  the  applied  battery  system,  the  fact  that  the  discharge  current  and  the  temperature  change  due  to  the 
dynamic  load  will  result  in  errors  in  the  estimation  of  the  residual  energy  for  the  battery.  To  address  this 
issue,  a  new  method  based  on  the  Back-Propagation  Neural  Network  (BPNN)  is  presented  for  the  SOE 
estimation.  In  the  proposed  approach,  in  order  to  take  into  account  the  energy  loss  on  the  internal 
resistance,  the  electrochemical  reactions  and  the  decrease  of  the  open-circuit  voltage  (OCV),  the  SOE  is 
introduced  to  replace  the  state  of  charge  (SOC)  to  describe  the  residual  energy  of  the  battery.  Addi¬ 
tionally,  the  discharge  current  and  temperature  are  taken  as  the  training  inputs  of  the  BPNN  to  overcome 
their  interference  on  the  SOE  estimation.  The  simulation  experiments  on  LiFeP04  batteries  indicate  that 
the  proposed  method  based  on  the  BPNN  can  estimate  the  SOE  much  more  reliably  and  accurately. 

©  2014  Elsevier  B.V.  All  rights  reserved. 


1.  Introduction 

With  the  improvement  of  the  energy  density  and  the  safety 
performance,  Li-ion  batteries  are  widely  used  in  the  renewable 
energy  vehicles  and  energy  storage  systems,  such  as  electric  vehi¬ 
cles,  wind  power  systems,  solar  power  systems,  micro-grid  and  so 
on.  The  SOE  of  the  battery  [1  ,  which  provides  the  essential  basis  of 
energy  deployment,  load  balancing,  and  security  of  electricity  for 
the  complex  energy  systems,  is  a  key  parameter  in  the  battery 
system. 

Traditionally,  the  residual  energy  of  the  battery  is  represented 
by  the  estimation  of  the  SOC.  In  recent  years,  many  studies  on  the 
SOC  estimation  can  be  found  in  the  literature,  with  the  primary 
methods  being  the  current  integral  method  2],  the  electrical  model 
based  method  [3-7]  and  the  neural  network  model  method  [8-10]. 
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The  current  integral  method  obtains  the  SOC  estimation  through 
the  accumulation  of  the  battery  current  [2  .  The  method  is  easy  to 
implement;  however  it  is  an  open-loop  estimation  so  that  its 
estimation  accuracy  becomes  poor  due  to  the  accumulated  error 
caused  by  the  current  measurement  noise  [7  .  As  to  the  electrical 
model  based  method,  both  electrochemical  models  and  equivalent 
circuit  models  are  established  to  capture  the  relationship  between 
the  SOC  and  the  OCV  of  the  battery.  Then,  the  Kalman  filter 
methods  or  the  particle  filter  methods  are  applied  for  the  SOC 
estimation  based  on  these  battery  models.  The  Kalman  filter  and 
particle  filter  methods  are  closed-loop,  and  many  algorithms  such 
as  extended  Kalman  filter  5,6,11  ,  unscented  Kalman  filter  [12,13] 
and  unscented  particle  filter  [3,5]  are  used  in  the  SOC  estimation. 
These  methods  take  the  SOC  as  a  state  variable,  so  they  can  solve 
the  accumulated  error  of  the  current  integral  method  by  updating 
the  SOC  on  the  basis  of  the  difference  between  the  measured  and 
the  prediction  value  of  the  terminal  voltage.  The  neural  network 
model  methods  can  describe  the  dynamic  and  nonlinear  behavior 
of  the  battery  by  means  of  the  multilayer  neural  networks,  and  thus 
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it  could  be  used  to  estimate  the  SOC  for  Li-ion  batteries  [8-10]. 
Some  works  develop  the  data-fusion  method  14]  and  the  discrete 
Wavelet  method  [15,16  for  SOC  estimation.  These  approaches  have 
been  widely  used  in  the  SOC  estimation  of  Li-ion  batteries,  and 
most  of  them  have  achieved  acceptable  results. 

Nevertheless,  with  the  increasingly  widespread  application  of 
Li-ion  batteries,  the  functional  demand  of  battery  management 
system  appears  a  more  sophisticated  and  complex  trend.  Therefore, 
the  disadvantages  of  using  the  estimated  SOC  to  represent  the 
battery  residual  energy  become  more  prominent.  Firstly,  the  SOE  is 
different  from  the  SOC  for  Li-ion  batteries.  The  SOC  defines  the  ratio 
of  the  residual  active  material  to  the  total  original  active  material 
inside  a  Li-ion  battery.  In  this  sense,  the  SOC  indicates  only  the 
capacity  state  rather  than  the  energy  state  on  which  the  battery 
application  conditions  is  dependent.  For  a  more  detailed  manage¬ 
ment  of  the  battery,  the  discharge  efficiency  and  the  residual  en¬ 
ergy  are  necessary.  There  are  no  more  energy  information  can  be 
got  from  the  estimated  SOC  since  the  SOC  is  only  a  percentage  of 
the  battery  capacity.  Some  works  have  considered  the  residual 
available  capacity  instead  of  the  SOC  to  determine  the  residual 
energy  of  the  battery  [17-20  .  Secondly,  although  there  is  a  positive 
correlation  between  the  SOE  and  the  SOC,  they  have  no  explicit 
quantitative  relationship.  The  SOC  decreases  linearly  with  the 
discharge  current,  but  the  battery  energy  is  the  product  of  the  ca¬ 
pacity  and  the  OCV  of  the  battery.  There  are  differences  between 
the  SOC  and  the  SOE  because  the  energy  loss  on  the  internal 
resistance,  the  electrochemical  reactions  and  the  decrease  of  the 
OCV  are  not  considered  in  the  SOC  estimation  [3-5,21  -24].  Thirdly, 
in  the  actual  battery  system,  where  the  discharge  current  and  the 
temperature  usually  changes  dramatically  due  to  the  dynamic  load, 
the  performance  of  the  battery  becomes  poor  [25-27].  For  SOC 
estimation,  the  temperature  effect  has  been  considered  to  build  a 
more  accurate  battery  model  13,28,29].  Xing  et  al.  28]  develop  an 
offline  OCV-SOC-temperature  table  to  describe  the  temperature 
effect,  and  pattern  recognition  based  on  the  Hamming  network  is 
presented  to  check  the  temperature  [29  .  However,  as  to  the  rela¬ 
tion  between  the  SOE  and  the  temperature,  it  is  not  adequately 
addressed  in  the  recent  literature.  At  the  same  SOC,  the  SOE  may 
change  on  account  of  the  fact  that  the  discharge  efficiency  is 
dependent  on  the  discharge  current  and  temperature.  Thus,  it  is 
necessary  to  carry  on  a  more  comprehensive  analysis  on  the  effect 
of  the  discharge  current  and  temperature  for  getting  a  more  ac¬ 
curate  SOE  estimation. 

In  this  paper,  to  determine  the  energy  loss  on  the  internal 
resistance,  the  electrochemical  reactions  and  the  decrease  of  the 
OCV,  the  SOE  instead  of  the  SOC  is  introduced  to  represent  the 
residual  energy  of  Li-ion  batteries,  and  a  BPNN  method  is  proposed 
to  improve  the  SOE  estimation  at  dynamic  currents  and  tempera¬ 
tures.  In  Section  2,  we  give  a  clear  definition  of  the  SOE  for  Li-ion 
batteries.  Battery  tests  with  various  currents  at  different  tempera¬ 
tures  are  carried  out  to  analyze  their  effect  on  the  SOE  in  Section  3. 
In  Section  4,  a  BPNN  battery  model  is  established  to  take  into  ac¬ 
count  the  effect  of  the  OCV,  discharge  current  and  temperature. 
And  then,  parameters  of  the  BPNN  battery  model  are  identified  by 
the  experimental  data  of  LiFeP04  batteries.  In  Section  5,  simulations 
based  on  the  BPNN  algorithm  are  used  to  verify  the  accuracy  of  the 
estimation  of  the  battery  SOE. 


2.  SOE 

The  SOE  provides  the  information  of  the  remaining  available 
energy  of  Li-ion  batteries  [30,31],  so  it  is  a  critical  parameter  for 
energy  optimization  and  management  for  the  battery  system.  In 
this  paper,  the  SOE  is  defined  as: 


SOE(t)  =  Ec  -  Ed(t)  (1) 

where  SOE(t)  is  the  remaining  energy  of  the  battery  at  time  t,  Ec  is 
the  total  energy  of  the  battery  and  Ed  (t)  is  the  discharged  energy  of 
the  battery  until  time  t.  Generally,  the  SOE  reaches  its  maximum 
after  it  is  fully  charged,  and  the  SOE  is  zero  when  the  battery  is 
discharged  to  its  low  cutoff  voltage. 

The  study  of  Li-ion  batteries  indicates  that  the  energy,  which  is 
consumed  during  the  discharge  process,  is  mainly  composed  of  the 
output  electric  energy,  the  energy  consumed  on  the  internal 
resistance  heating  and  the  energy  consumed  on  the  electro¬ 
chemical  reactions.  The  output  electric  energy  is  used  to  meet  the 
load,  and  it  is  usually  expressed  by  the  SOC  in  previous  studies.  The 
internal  resistance  will  heat  the  battery  during  the  discharge  pro¬ 
cess,  so  it  expends  the  battery  energy.  The  electrochemical  re¬ 
actions  inside  the  battery  also  cause  the  energy  consumption. 

The  available  energy  of  Li-ion  batteries  changes  with  the  battery 
temperature.  Specifically,  the  available  energy  decreases  signifi¬ 
cantly  at  low  temperatures.  Under  high  discharge  currents,  a  Li-ion 
battery  may  demonstrate  empty  conditions  via  the  low  cutoff 
voltage.  However,  the  battery  still  has  energy  that  may  be  utilized 
at  lower  discharge  currents.  This  characteristic  can  bring  great 
difficulties  to  the  estimation  accuracy  of  the  SOE. 

3.  Experiments 

3.1.  Test  bench 

In  order  to  acquire  experimental  data  of  Li-ion  batteries,  a  test 
bench  is  built,  as  shown  in  Fig.  1.  The  test  bench  is  composed  of  a 
battery  test  system  NEWARE  BTS4000,  a  battery  management 
system  (BMS),  a  CAN  communication  unit,  a  host  computer  for  on¬ 
line  experiment  control  and  a  programmable  temperature  cham¬ 
ber.  The  NEWWARE  BTS4000  is  used  to  load  the  battery  with  a 
maximum  voltage  of  5  V  and  a  maximum  current  of  100  A,  and  its 
voltage  and  current  measurement  accuracy  is  ±0.1%.  The  experi¬ 
mental  data  such  as  current,  voltage,  temperature,  accumulative 
ampere-hours  (Ah)  and  Watt-hours  (Wh)  are  measured  by  the 
NEWWARE  BTS4000  and  recorded  by  the  host  computer.  The  BMS 
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Fig.  1.  Configuration  of  the  battery  test  bench. 
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Table  1 

Parameters  of  a  LiFeP04  cell. 


Parameter 
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Operating 
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o 

n 

CD 

O 

o 
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performs  the  functions  of  battery  protection  and  transmits  the  data 
of  the  fault  information  to  the  host  computer  through  the  CAN 
communication  unit.  The  programmable  temperature  chamber 
provides  manageable  temperatures  for  the  battery.  The  test  is  car¬ 
ried  out  with  LiFeP04  batteries  with  a  rated  capacity  of  9  Ah  (pro¬ 
duced  by  HeFei  GuoXuan  Fhgh-Tech  Power  Energy  CO.,  Ltd.  of 
China).  The  parameters  of  the  battery  are  given  in  fable  1. 

3.2.  OCV  test 

After  the  battery  standing  for  a  long  period,  the  terminal  voltage 
will  achieve  the  true  OCV  value.  In  order  to  acquire  data  to  identify 
the  OCV,  a  test  was  performed  on  LiFeP04  batteries.  The  test  pro¬ 
cedure  is  designed  as  follows:  the  battery  is  first  discharged  by  a 
10%  of  the  nominal  capacity  from  fully  charged  state  at  the  preset 
current.  Afterward  it  is  left  in  open-circuit  state  and  the  OCV  is 
monitored  simultaneously.  The  measured  OCV  is  considered  to 
reach  to  the  equilibrium  potential  after  three  hours  until  the  change 
of  the  OCV  is  statistically  insignificant  and  the  battery  is  assumed  to 
reach  to  a  steady  state.  The  battery  is  continuously  discharged  by  a 
further  10%  of  the  nominal  capacity  at  the  same  current.  The  above 
procedure  is  performed  repeatedly  to  obtain  the  OCV  data  until  the 
battery  reaches  the  low  cutoff  voltage  in  Fable  1.  The  discharge 
current  rate  is  set  to  0.5C,  1C,  3C  and  5C,  respectively.  Then  the 
average  under  these  currents  is  taken  as  the  result.  The  OCV  data 
are  plotted  in  Fig.  2. 

According  to  Fig.  2,  the  OCV  curve  decreases  with  the  discharge 
rapidly,  especially  at  the  beginning  and  the  end  of  the  discharge 
process.  In  detail,  when  the  SOC  decreases  from  100%  to  0%,  the 
OCV  also  decreases  from  3.433  V  to  2.814  V.  Because  the  battery 
energy  is  the  product  of  the  OCV  and  the  capacity,  at  the  same 
interval  of  the  SOC,  the  discharged  energy  of  the  battery  is  not  a 
constant.  Furthermore,  in  order  to  investigate  the  differences  be¬ 
tween  the  discharged  capacity  and  the  discharged  energy,  we 
calculate  the  discharged  energy  at  a  10%  interval  of  the  SOC  from 
100%  to  0%.  The  results  are  shown  in  Fig.  3. 

Fig.  3  describes  the  change  of  the  discharged  energy  with  SOC, 
and  the  V-axis  represents  the  discharged  energy.  In  Fig.  3,  the  dis¬ 
charged  energy  appears  a  decreasing  trend  with  the  decreasing 
SOC.  When  the  SOC  decreases  from  100%  to  90%,  the  discharged 


energy  of  the  battery  is  2.945  Wh.  When  the  SOC  decreases  from 
10%  to  0%,  the  discharged  energy  is  only  2.215  Wh.  The  discharged 
energy  of  the  battery  presents  a  change  at  different  SOC.  A  battery 
system  is  usually  composed  of  hundreds  or  thousands  of  cells 
through  series  and  parallel  electrical  connections,  so  the  differ¬ 
ences  shown  in  Fig.  3  will  be  larger  in  actual  operation.  Thus,  the 
SOC  cannot  capture  the  energy  behavior  of  the  battery  accurately 
according  to  these  statistical  data  analysis. 

3.3.  Battery  test  with  various  currents  at  different  temperatures 

In  order  to  investigate  the  discharged  energy  of  the  battery  with 
various  currents  at  different  temperatures,  we  load  the  battery  with 
the  discharge  current  0.5C,  1C,  2C,  3C,  4C,  5C,  6C  and  7C  at  tem¬ 
perature  0  °C,  10  °C,  25  °C  and  45  °C,  respectively.  First,  the  battery 
is  left  in  the  open-circuit  state  at  room  temperature  for  three  hours 
until  the  OCV  reaches  a  steady  state.  Then,  it  is  fully  charged  with  a 
constant  current  of  0.5C  at  room  temperature.  And  then,  the  battery 
is  left  in  the  programmable  temperature  chamber  at  the  constant 
preset  temperature  for  another  three  hours  until  the  change  of  the 
battery  voltage  is  negligible  and  the  battery  is  considered  to  reach  a 
steady  state.  After  that,  the  battery  is  discharged  with  the  constant 
preset  current  at  the  same  temperature  until  the  battery  voltage 
reaches  to  the  low  cutoff  value.  The  procedure  is  carried  out 
repeatedly.  We  plot  the  discharged  energy  of  the  battery  with 
various  currents  at  different  temperatures  in  Fig.  4. 

When  the  temperature  is  25  °C,  the  discharged  energy  of  the 
battery  is  29.469  Wh  at  0.5C  discharge  rate,  while  it  is  25.902  Wh  at 
7C  discharge  rate.  We  can  found  that  the  discharged  energy  has  a 
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decreasing  trend  with  the  increasing  discharge  rate  at  the  same 
temperature.  As  to  the  temperature,  when  the  discharge  rate  is  2C, 
the  discharged  energy  of  the  battery  are  19.731  Wh,  21.822  Wh, 
26.978  Wh  and  28.414  Wh  at  temperatures  of  0  °C,  10  °C,  25  °C  and 
45  °C,  respectively.  The  discharged  energy  presents  a  significant 
increase  with  the  rising  temperature.  The  discharged  energy  of  the 
battery  is  greatly  related  on  the  discharge  efficiency  which  varies 
with  the  discharge  currents  and  temperatures.  Therefore,  there  is  a 
need  to  study  a  method  to  realize  an  accurate  SOE  estimation  under 
various  currents  and  temperatures  conditions. 

4.  Battery  modeling  using  BPNN  for  SOE  estimation 


the  hidden  layer  as  6 ,  so  the  mathematical  equations  of  the  hidden 
layer  can  be  expressed  as  follows. 


°i=f\  J2<ljixj  +  di  I  i=l,2,...,m 


(2) 


Set  the  threshold  value  of  the  neurons  in  the  output  layer  as  A,  so 
the  mathematical  equations  of  the  output  layer  is: 


771 


SOE  =  g(  ^ WjOj  +  A 


(3) 


The  charge-discharge  process  of  a  Li-ion  battery  is  full  of 
complex  electrochemical  reactions,  and  there  are  no  explicit 
quantitative  formulas  to  describe  the  relationship  between  the  SOE 
and  battery  parameters  (voltage,  current  and  temperature)  owning 
to  the  complex  mechanism  and  multitudinous  parameters  inside 
the  battery.  The  fact  that  the  SOE  is  dependent  on  the  dynamic  load 
makes  more  sense  to  investigate  an  accurate  battery  model  for  the 
SOE  estimation.  As  a  highly  nonlinear  black  box  system,  the  BPNN 
does  not  need  accurate  relationship  formulas  to  describe  the  dy¬ 
namic  behavior  of  the  battery  because  the  relationship  can  be 
automatically  generated  when  the  network  was  trained  with  the 
history  data.  Aiming  at  the  effect  of  the  current  and  temperature  on 
the  SOE  estimation,  a  BPNN  method  for  the  SOE  estimation  is 
proposed  in  this  paper. 

4.2.  The  structure  of  the  BPNN 

The  BPNN  can  perform  the  nonlinear  function  approximation  in 
accordance  with  the  design  accuracy  requirements.  According  to 
the  requirements  of  the  SOE  estimation  for  Li-ion  batteries,  the 
BPNN  is  consisted  of  3  layers-the  input  layer,  the  hidden  layer  and 
the  output  layer.  The  experimental  results  in  Section  3  indicate  that 
the  SOE  is  related  to  the  OCV,  the  discharge  current  and  the  tem¬ 
perature.  As  a  result,  in  the  input  layer,  the  battery  terminal  voltage, 
the  current  and  the  temperature  ([V,  /,  T])  are  taken  as  the  input 
parameters.  As  the  terminal  port  of  the  BPNN  battery  model,  the 
output  layer  is  the  estimated  SOE.  The  structure  of  the  BPNN  for  the 
SOE  estimation  is  shown  in  Fig.  5. 

The  input  vector  of  the  input  layer  is  X  =  (V,  /,  T)r,  the  output 
vector  of  the  hidden  layer  is  O  =  (01,02,. . om)r,  the  weight  matrix  of 
the  neurons  in  the  hidden  layer  is  Q  =  (qn,...,  qy,...,  q3m)T;  the 
output  vector  of  the  output  layer  is  Y  =  SOE ,  the  weight  matrix  of 
the  neurons  in  the  output  layer  is  W  =  (wi,. w/,...,  wm)T.  According 
to  the  training  results  of  the  BPNN,  the  number  of  the  neurons  in 
the  hidden  layer  m  is  12.  Set  the  threshold  value  of  the  neurons  in 

Hidden 

Input  Layer 


f[  • )  and  g(  • )  represent  the  activation  functions  of  the  hidden  layer 
and  the  output  layer,  respectively. 

4.2.  SOE  estimation  based  on  the  BPNN 

When  the  BPNN  battery  model  is  used  to  estimate  the  SOE  at  the 
first  time,  a  number  of  actual  data  samples  [  V ,  /,  T,  SOE]  are  selected 
to  train  the  BPNN  primarily.  The  training  process  of  the  BPNN  is 
carried  out  as  follows:  the  learning  samples  including  the  data  of 
battery  voltage,  current  and  temperature  enter  the  network  from 
the  input  layer  firstly.  The  output  value  of  the  SOE  is  got  from  the 
output  layer  after  the  calculations  by  the  BPNN.  Then,  the  differ¬ 
ences  between  the  output  value  and  the  actual  value  of  the  SOE  are 
transmitted  from  back  to  front  in  the  BPNN.  On  the  basis  of  the 
differences,  the  network  weight  matrixes  are  updated  by  the 
learning  algorithm  until  the  output  error  of  the  network  achieves 
the  target  termination  condition.  The  Levenberg-Marquardt  back- 
propagation  algorithm,  which  is  an  efficient  implementation  of  a 
quasi-Newton  method  to  estimate  the  network  parameters,  is  used 
to  train  the  BPNN.  When  the  weight  matrixes  were  determined 
through  the  training  process,  the  BPNN  could  be  applied  for  the  SOE 
estimation. 

SOE  =  g(  wT  •/  (q.tx  +  e)  +  a)  (4) 

where  W  represents  the  weight  matrix  of  the  neurons  in  the  output 
layer,  Q  represents  the  weight  matrix  of  the  neurons  in  the  hidden 
layer,  X  represents  the  input  vector  of  the  input  layer,  0  represents 
the  threshold  value  of  the  neurons  in  the  hidden  layer  and  A  rep¬ 
resents  the  threshold  value  of  the  neurons  in  the  output  layer. 

An  enormous  amount  of  information  about  the  energy  loss  and 
the  relationship  between  the  residual  energy  and  the  dynamic  load 
(discharge  current  and  temperature)  are  implicit  in  the  experimental 
training  data.  During  the  experiments,  the  battery  voltage,  current, 
temperature  and  experimental  time  are  measured  and  recorded  as 
the  training  data.  Due  to  the  self-learning  capability  of  the  BPNN,  an 
accurate  SOE  will  be  obtained  as  long  as  the  training  data  is  sub¬ 
stantial.  The  determined  weight  matrixes  can  be  written  in  the 
EEPROM  of  battery  management  system,  and  then  the  trained  BPNN 
will  be  able  to  apply  in  the  actual  operation  of  electric  vehicles. 

4.3.  Parameters  identification  of  the  BPNN 

In  order  to  acquire  battery  data  to  train  the  BPNN  model  and 
identity  the  model  parameters,  we  load  the  LiFeP04  batteries  with 
various  discharge  currents  at  different  temperatures.  The  experi¬ 
ments  are  carried  out  on  the  battery  test  bench  in  Subsection  3.1. 
The  charge  and  discharge  process  of  the  battery  is  performed  by  the 
NEWWARE  BTS4000  with  a  designed  operation  mode,  and  the 
temperature  is  controlled  by  the  programmable  temperature 
chamber. 
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Firstly,  set  the  sample  period  of  the  NEWWARE  BTS4000  to  be 
1  s  and  start  the  data  acquisition  module  in  the  host  computer  to 
collect  the  battery  voltage,  current  and  temperature  automatically. 

Secondly,  load  the  battery  at  different  temperatures  with  a  static 
current  and  record  the  experimental  data.  The  battery  is  discharged 
with  the  current  0.5C,  1C,  2C,  3C,  4C,  5C,  6C  and  7C  at  temperature 
0  °C,  10  °C,  25  °C  and  45  °C,  respectively.  When  the  battery  is  dis¬ 
charged  to  the  low  cutoff  voltage  in  Table  1,  stop  the  discharge 
process.  After  the  battery  is  fully  discharged,  it  is  left  at  room 
temperature  (25  °C)  for  three  hours,  and  then  it  is  charged  with  the 
charge  current,  which  is  the  same  with  the  discharge  current  value. 
During  the  charge  process,  the  battery  is  charged  with  the  constant 
preset  charge  current  until  the  battery  reaches  the  upper  limit 
voltage  in  Table  1,  then  the  NEWWARE  BTS4000  keeps  the  charge 
voltage  unchanged  and  gradually  reduces  the  charge  current.  Stop 
the  charge  process  when  the  value  of  the  charge  current  reaches 
zero. 

Thirdly,  load  the  battery  under  dynamic  conditions.  The  battery 
is  operated  at  the  dynamic  discharge  current  conditions  shown  in 
Fig.  6  and  a  constant  rate  of  temperature  rise  from  0  °C  to  60  °C.  The 
total  available  discharged  energy  could  be  obtained  by  integrating 
the  current  curve  and  the  voltage  curve  of  the  whole  process. 

Finally,  the  BPNN  model  is  trained  on  the  basis  of  the  differences 
between  the  output  value  and  the  actual  value  of  the  SOE.  The 
target  error  of  the  BPNN  training  is  given  by  the  mean  square  error 
(MSE)  as  follows: 


E 


mse 


(SOEr(p)  -  SOEe(p))2 


where  Emse  represents  the  MSE  between  the  estimated  and  the 
actual  SOE,  l  represents  the  number  of  the  training  data,  SOEr(p) 
represents  the  actual  SOE  of  the  training  data  group  p  and  SOEe(p) 
represents  the  estimated  SOE  by  the  BPNN  method. 


the  actual  SOE  are  plotted  in  Fig.  7.  As  shown  in  Fig.  7,  the  general 
shape  of  the  estimated  SOE  and  that  of  the  true  experimental  value 
are  almost  the  same. 

The  temperature  usually  changes  dramatically  in  the  battery 
system  during  the  actual  operation.  As  the  battery  is  discharged  at  a 
constant  rate  of  the  temperature  rise  from  5  °C  to  60  °C,  Fig.  8 
shows  the  comparison  results  of  the  estimated  and  the  actual 
SOE  when  a  constant  0.5C  rate  fully  discharge  is  run.  Fig.  8(a)  shows 
the  change  of  the  battery  temperature,  and  Fig.  8(b)  shows  the 
estimation  results  of  the  SOE  by  the  BPNN  method.  The  BPNN 
method  tries  to  determine  the  effect  of  the  temperature  and  can 
provide  an  accurate  SOE  estimation  at  dynamic  temperature 
conditions. 

Furthermore,  during  the  actual  battery  working  conditions,  the 
discharge  current  also  dynamically  changes  due  to  that  the  power 
requirement  of  the  load  varies  with  time.  According  to  the 


5.  Simulation  experiment  and  discussion 

In  this  section,  validation  experiments  are  performed  with  the 
LiFeP04  batteries  with  a  rated  capacity  of  9  Ah  to  verify  the  per¬ 
formance  of  the  SOE  estimation  by  the  BPNN  method  with  various 
discharge  currents  at  different  temperatures. 

As  analyzed  in  Section  4,  we  propose  a  SOE  estimation  approach 
based  on  the  BPNN,  in  which  the  effect  of  the  temperature  is 
considered.  In  order  to  verify  the  proposed  method  at  different 
temperatures,  the  battery  is  discharged  with  a  constant  0.5C  rate  at 
temperature  15  °C,  and  the  comparison  results  of  the  estimated  and 


(a) 


Fig.  8.  SOE  estimation  results  at  dynamic  temperatures:  (a)  Dynamic  temperature 
conditions,  (b)  The  comparison  of  the  estimated  and  the  actual  SOE. 


156 


X.  Liu  et  al.  /  Journal  of  Power  Sources  270  (2014)  151—157 


Fig.  9.  Current  of  the  simulation  operation  conditions. 


corresponding  BMS  test  procedures  in  Ref.  [32  ,  the  battery  is 
loaded  repetitively  at  the  current  of  the  simulation  operation 
conditions  shown  in  Fig.  9  until  the  battery  is  discharged  to  the  low 
cutoff  voltage.  The  temperature  of  the  battery  post  pillar  is 
measured  with  thermocouples,  and  the  temperature  rises  from 
20  °C  to  35  °C  freely.  The  aim  is  to  investigate  the  effectiveness  of 
the  BPNN  method  under  dynamic  current  and  temperature 
conditions. 

Fig.  10(a)  shows  the  estimated  SOE  by  the  BPNN  method  when 
the  battery  is  loaded  under  the  current  conditions  in  Fig.  9.  In 
Fig.  10(a),  the  root-mean-square  error  between  the  actual  SOE  and 
the  estimated  SOE  is  1.314,  and  the  BPNN  algorithm  still  gives  an 
acceptable  result  under  dynamic  conditions.  Additionally,  in  order 
to  validate  the  advantage  of  the  SOE  over  the  SOC,  we  compare  the 


(a) 


Fig.  10.  SOE  estimation  results  at  dynamic  currents  and  temperatures:  (a)  The  com¬ 
parison  of  the  estimated  and  the  actual  SOE.  (b)  The  comparison  of  the  SOC  and  the 
SOE. 


Table  2 

The  numerical  results  of  the  estimated  SOE  and  SOC  ratio. 


Total  value 

Method 

RMSEa 

27.177  Wh 

Estimated  SOE  by  BPNN 

0.012 

8.725  Ah 

Real  SOC 

0.019 

8.725  Ah 

Estimated  SOC  by  UKF 

0.027 

a  RMSE  =  root-mean-square  error. 


real  SOE,  the  estimated  SOE,  the  real  SOC  and  the  estimated  SOC 
ratio,  and  give  the  results  in  Fig.  10(b)  and  Table  2.  The  actual  SOC 
value  is  calculated  with  the  measured  current  curve  after  the  bat¬ 
tery  has  suffered  the  discharge  test,  and  the  estimated  SOC  is  ob¬ 
tained  by  the  unscented  Kalman  filter  (UKF)  method.  As  shown  in 
Fig.  10(b),  both  the  real  SOC  and  the  estimated  SOC  appear  a  de¬ 
viation  from  the  true  SOE  curve,  especially  at  the  latter  part  of  the 
discharge  process.  Because  the  energy  loss  on  the  internal  resis¬ 
tance,  the  electrochemical  reactions  and  the  decrease  of  the  OCV  is 
considered  in  the  SOE  estimation,  the  accuracy  of  the  SOE  estima¬ 
tion  appears  an  improvement  over  the  SOC  in  capturing  the  energy 
behavior  of  the  battery.  The  battery  system  in  EVs  is  usually 
composed  of  a  large  number  of  cells,  so  the  differences  between  the 
SOE  and  the  SOC  shown  in  Fig.  10(b)  become  more  significant. 

The  voltage  acquisition  circuit  in  the  BMS  may  inevitably  pro¬ 
duce  measurement  noise  during  the  actual  operation.  Assuming 
that  the  measured  battery  voltage  contains  a  measurement  error 
(set  a  5  mV  voltage  error),  Fig.  11  presents  the  estimated  SOE  by  the 
BPNN  method.  The  estimated  SOE  curve  is  close  to  the  true  value,  so 
the  proposed  method  can  suppress  the  interference  of  the  voltage 
measurement  noise  to  get  an  accurate  SOE  estimation.  In  the  actual 
data  acquisition  circuit,  multiple  measurements  could  be  applied  to 
reduce  the  measurement  error. 

Based  on  the  above  results  and  analysis,  we  can  conclude  that 
the  BPNN  method  can  achieve  an  accurate  SOE  estimation  at  dy¬ 
namic  current  and  temperature  conditions.  This  is  mainly  because 
the  energy  loss,  the  effect  of  the  discharge  current  and  the  tem¬ 
perature  are  considered  in  the  proposed  method. 

6.  Conclusions 

With  the  continuous  advancement  of  the  battery  technology, 
the  applications  of  Li-ion  batteries  are  becoming  more  widespread. 
In  the  actual  applications,  the  fact  that  the  current  and  temperature 
changes  significantly  during  the  discharge  process  puts  forward  a 
great  challenge  to  the  energy  management  of  the  power  source.  A 
new  method  based  on  the  BPNN  is  presented  for  the  SOE  estima¬ 
tion  in  this  paper.  The  SOE,  instead  of  the  SOC,  is  introduced  to 
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describe  the  energy  state  of  the  battery.  In  the  SOE  estimation,  the 
energy  loss  on  the  internal  resistance,  the  electrochemical  reactions 
and  the  decrease  of  the  OCV  is  considered  more  comprehensively. 
To  suppress  the  interference  caused  by  dynamic  currents  and 
temperatures,  a  BPNN  battery  model  is  proposed  for  the  SOE  esti¬ 
mation  and  the  battery  voltage,  current  and  temperature  are  taken 
as  the  training  inputs.  Finally,  the  good  accuracy  of  the  simulation 
based  on  the  actual  experimental  data  verifies  the  presented 
approach.  Thus,  it  provides  a  proper  solution  for  the  SOE  estimation 
under  dynamic  application  conditions.  To  reduce  the  hardware 
cost,  the  complexity  of  the  BPNN  method  needs  to  be  further 
addressed  in  future  studies. 
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